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ABSTRACT 
Sediment and Phosphorus are major sources of pollution and impairment within 
rivers and streams. Excess sediment input to rivers and streams can encourage the 
accelerated growth of harmful algal blooms, which in turn can be responsible for 
waterbody eutrophication, and the creation of coastal hypoxic zones. These issues are 
particularly relevant within Iowa, where land use changes, such as the conversion of land 
to row crop agriculture, installation of subsurface drainage, and straightening of 
waterways have led to increases in the stream-power of Iowa’s waterways. This in turn 
has resulted in increasing rates of bank erosion within Iowa’s river and streams. Although 
the amount of sediment and phosphorus contributed by eroding banks is still poorly 
constrained, researchers agree that bank erosion is an important part of riparian sediment 
and Phosphorus budgets. The 2013 Iowa Nutrient Reduction Strategy was developed to 
assess and reduce nutrients to Iowa waters and the Gulf of Mexico, but a lack of data led 
an inability to constrain the role of bank erosion within Iowa’s sediment and Phosphorus 
budgets. Methodologies for measuring bank erosion do exist, but few can reliably 
measure bank erosion within large watersheds.  Herein we present the Aerial Imagery 
Migration Model (AIMM), a new tool that utilizes automated extraction of river channels 
from aerial imagery and a DEM analysis to track patterns of stream channel migration. 
AIMM’s reliability was assessed within the South Fork Iowa River Watershed, and then 
implemented, in conjunction with soil sampling, within the Nishnabotna watershed. This 
analysis predicted that within the Nishnabotna watershed, eroding bank inputs of 
Phosphorus are likely greater than 0.18 kg of P per year per meter of channel length. 
Additionally AIMM predicted that the majority of bank erosion occurs within high order 
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reaches that are not typically considered in bank erosion studies. This finding has 
important management implications that could change the ways in which we address 
sediment and Phosphorus loss within Iowa’s watersheds.  
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CHAPTER 1.    INTRODUCTION 
Throughout the United State of America and the world, sediment and Phosphorus (P) 
are major sources of pollution and impairment of waterways. Excessive sediment in our river 
systems have led to a host of issues, including the deterioration of aquatic habitats, siltation 
of reservoirs, and increased maintenance costs related to dredging and flood control. 
Additionally, P is a limiting nutrient within freshwater systems for cyanobacteria that often 
moves adsorbed to sediment. Consequently, excess sediment input to rivers and streams can 
encourage the accelerated growth of harmful algal blooms and the creation of coastal 
hypoxic zones. These issues are particularly relevant within the state of Iowa, where land use 
changes, such as the conversion of land to row crop agriculture, the installation of subsurface 
drainage, and the straightening of waterways have led to increases in the stream-power of 
Iowa’s waterways.  
In an effort to mitigate Gulf hypoxia, the Mississippi River/Gulf of Mexico 
Watershed Nutrient Task Force, was established in 1997 with a mandate to determine an 
effective strategy for reducing Nitrogen (N) and P loading to the Gulf of Mexico. Following 
a 2008 recommendation of this task force, many Midwestern states have developed nutrient 
reduction strategies that seek to reduce their contribution to the N and P loading to the Gulf 
of Mexico. 
Although P can be transported in a dissolved form, P commonly enters waterways as 
an adsorbed particle associated with fine-grained sediment. Due to this relationship, most 
strategies that seek to reduce P inputs do so by reducing soil erosion. Until recently, most 
studies that have tried to constrain the amount of P loading associated with erosion have 
focused on upland sheet and rill erosion. A growing number of studies however have shown 
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that the erosion of stream and river banks could be a significant source of sediment and P. At 
the time the Iowa Nutrient Reduction Strategy was published, the authors felt that current 
research conducted within Iowa indicated that “in-channel scouring and streambank erosion 
contributes a previously unrecognized higher contribution to the phosphorus loading of 
streams”. They went on to day however, that “accurately accounting for streambank sources 
of P is extremely difficult and methods have not been developed to quantify streambank 
sediment contributions beyond a local scale.” Thus, they concluded, “evaluating strategies to 
reduce P losses from point sources and eroding streambanks (i.e., runoff volume reduction or 
bank stabilization) are beyond the scope of this effort.” 
The spatial and temporal limitations of previous bank erosion studies are primarily 
due to the lack of accurate and reproducible methodology that is also capable of 
characterizing patterns of bank erosion within watersheds. In Fox’s recent review of bank 
erosion studies (2016a), three primary methods are used: pinning, channel-delineation based 
on aerial photography, and the comparison of LiDAR-derived digital elevation models 
(DEMs). Although all of these methods are effective within certain constraints, they are 
spatially and temporally limited. This is the predominant reason that no study in Fox’s 
review analyzed a total channel length greater than 11000 km, which is only 9% of total 
channel length of Strahler order three and above reaches within Iowa (44557 km). 
Methods to assess bank erosion sediment and P contributions at the state-wide scale 
should satisfy the following criteria: (1) be accurate and reproducible; (2) take into account 
the heterogeneity of landscapes and river system dynamics found within Iowa; (3) analyze a 
time period that is long enough to capture a majority of climatic conditions found within 
Iowa; and, (4) be time and cost effective. Through the creation of the Aerial Imagery 
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Migration Model (AIMM), we believe that we have created a methodology that satisfies 
these criteria. AIMM is an automated remote sensing model that relies on the global 
thresholding of Normalized Difference Water Index (NDWI) images to track patterns of bank 
migration and estimate sediment volume contributed by eroding banks. 
The description, assessment, and implementation of AIMM are detailed within this 
thesis. Chapter 2 provides a detailed description of AIMM as well as an overview of 
limitations found within similar methodologies. Chapter 2 describes a comparison between 
AIMM and iterative delineations of the study area found within Tomer and Van Horn (2018), 
ending with the conclusion that AIMM’s results are comparable to delineations while also 
meeting the above criteria. Chapter 2 also functions as manuscript that is being prepared for 
publication within an environmental remote sensing journal. Chapter 3 details the first use of 
AIMM within a large watershed, the Nishnabotna River, and pairs its results with a soil core 
analysis in order to estimate the contribution of eroding streambanks to the sediment and P 
loads of the Nishnabotna. Chapter 3 concludes with a comparison to previous bank erosion 
literature and analysis of the relative contributions of sediment and P grouped by stream 
order. Chapter 3 will be submitted as a manuscript to a soil conservation journal. 
This work is intended to be a description of AIMM, as well as a framework that can 
be used to estimate bank erosion contributions of sediment and P within large watersheds. 
We hope the implementation of this model will provide objective statewide estimates of bank 
erosion that can be used by local, state, and regional managers to better understand river 
systems, and in turn implement effective management and conservation. 
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CHAPTER 2.    AUTOMATED MEASUREMENT OF ERODING BANK VOLUME 
FROM HIGH-RESOLUTION AERIAL IMAGERY AND TERRAIN ANALYSIS 
Abstract 
Excessive concentrations of sediment are an important form of surface water 
impairment throughout the continental United States. Numerous studies have investigated the 
role of upland soil erosion as a Phosphorus and sediment source, but the proportional 
contribution on region-wide scales of streambank erosion are still poorly understood. Bank 
delineation based on aerial images is an important method for tracking bank erosion, but this 
method is not easily scaled to larger watersheds and is inherently difficult to reproduce. 
Additionally, remote-sensing based channel migration models often rely on satellite imagery, 
and are not optimized for use with aerial imagery. In an attempt to estimate sediment loading 
on a larger scale, we have created the Aerial Imagery Migration Model (AIMM), a Python 
and ArcPy based automated channel migration model designed to estimate volumes of 
erosion and deposition related to channel migration via a three-step process. First, AIMM 
uses Normalized Difference Water Index (NDWI) images derived from aerial photography to 
classify the landscape into zones of land and water. Then, water zones representing the 
channel are compared between two years to identify areas of erosion and deposition. Finally, 
AIMM utilizes a LiDAR-derived DEM to estimate the height of erosional and depositional 
zones in order calculate the net change in channel volume. Where public imagery is 
available, AIMM could be applied to estimate volumes of sediment loss where logistical 
limitations prohibit the use of traditional survey methods. In particular, the use of our 
methods within the project-planning phase of conservation efforts could help focus 
conservation efforts in areas where they can be most effective. 
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Introduction 
Although the migration of rivers is a natural process, the bank erosion associated with 
migration is a major source of sediment within watersheds, particularly in regions that have 
experienced channel incision (Bosch et al., 2008; Fox et al., 2016a; Purvis et al., 2016; 
Simon and Klimetz, 2008). Excessive river sediment loads have led to a host of issues, 
including the deterioration of aquatic habitats and fisheries, as well as increased 
infrastructure maintenance costs related to dredging and flood control (Gray et al., 2014; 
Larsen et al., 2007; Piégay et al., 2005; Quist and Schultz, 2014). Channel migration 
proximal to roads, bridges, pipelines, and other essential infrastructure also seriously 
threatens the safety of many systems. These threats are particularly acute within the 
Midwestern United States, where land use practices such as agricultural conversion, the 
straightening of waterways, and the installation of subsurface drainage have increased the 
flashiness and erosive capabilities of our waterways (Montgomery, 2012; Schottler et al., 
2014; Simon and Rinaldi, 2006). A large amount of research has focused on quantifying the 
role of bank erosion within stream sediment budgets (Beck et al., 2018a; Day et al., 2013a; 
Noonan, 2016; Zaimes et al., 2008). However, estimating the magnitude of bank erosion 
within watersheds with areas greater than 10000 km2 has presented a challenge due to the 
large river length within a given watershed, and the relatively diffuse patterns of bank 
erosion. 
Within waterways less than 40 km in length, erosion pin studies are a common 
method for observing bank erosion (Beck et al., 2018a; Noonan, 2016). Although these 
studies have high temporal resolution and can provide detailed measurements, this method 
becomes time and cost prohibitive as the analysis scale is increased. Multi-temporal aerial 
Light Detection and Ranging (LiDAR) surveys coupled with DEM differencing has been 
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shown to provide highly accurate measurements of channel migration (Day et al., 2013a, 
2013b). Currently however, repeat LiDAR flights with enough temporal separation to detect 
bank erosion on a region-wide scale are still rare. Unlike LiDAR surveys however, aerial 
image surveys conducted by state and national agencies, such as the National Agriculture 
Imagery Program (NAIP), provide adequate levels of both temporal and spatial resolution to 
estimate bank erosion within smaller watersheds and over large areas. Most studies that use 
aerial imagery analysis to estimate bank erosion do so by hand delineating the channel 
boundaries of a waterway within sequential images (Fisher et al., 2013; Gurnell, 1997; 
Gurnell et al., 1994). In a recent study by Tomer and Van Horn (2018), this technique was 
used to determine the total area of erosion within the South Fork Iowa River (SFIR) 
watershed, which was then paired with a LiDAR-derived DEM to estimate an erosional 
volume (Figure 2.1). Although this technique can achieve reasonably high accuracy, 
delineating reaches greater than 100 km in length takes a prohibitively long time. Also, there 
is a high degree of subjectivity associated with delineation that can limit the reproducibility 
of these studies. 
Within the field of remote sensing, many techniques have been developed to track 
channel migration and bank erosion in a more automated way, such as the RivaMap, 
SCREAM, and PyRIS models (Isikdogan et al., 2017; Monegaglia et al., 2018; Rowland et 
al., 2016). Most of these models rely on either supervised or unsupervised classification of 
single band, or multi-band combinations of imagery to create sequential binary raster 
representations of waterways. These are then further processed in order to estimate migration 
rates, sinuosity, width, length, and curvature. Although these are all effective and useful 
tools, they are not optimized for use with aerial imagery. Instead, they are all primarily 
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designed to utilize satellite imagery, which provides greater spectral resolution at the expense 
of spatial resolution. 
These models are poorly suited for aerial imagery in several ways. First, many of 
them rely on the use of single band or multi-band indices that aerial imagery does not have 
the spectral range to observe, such as MNDWI and SWIR. Additionally, although many of 
these models allow the use of binary raster representations of waterways sourced from any 
method as alternate inputs, the rapidly increasing spatial resolution of aerial imagery is 
quickly making the processing times of these algorithms unwieldy.  For example, the PyRIS 
model is optimized for faster processing and can process 28 Landsat images (30 m cell size) 
in 5 hours, which is equal to 58,800 pixels/hr. If we apply this computational rate to aerial 
imagery from the Iowa county analyzed in this study, we derive estimated computation times 
for the 2002 (cell size 1 m), 2009 (cell size 0.62 m), and 2018 (cell size 0.31 m) aerial 
surveys of 8.3 hrs, 21.4 hrs, and 82.9 hrs respectively. As many states acquire LiDAR based 
DEMs at similar resolutions to aerial imagery, a model optimized for these resolutions could 
also leverage this elevation data to estimate bank material loss in terms of volume. We 
believe that a model capable of using the techniques of other river migration models such as 
SCREAM, PyRIS, and RivaMap, that is also designed to use aerial imagery as input data 
would be an effective tool for estimating bank erosion on a statewide scale. 
Below Herein we describe AIMM (Figure 2.2), a Python and ArcPy based automated 
model designed to estimate volumes of erosion and deposition related to channel migration. 
AIMM accomplishes this by (i) the extraction of waterways via thresholding of an 
Normalized Difference Water Index (NDWI) image (ii) identification of erosional and 
depositional zones from comparison of sequential channel images (Figure 2.3) (iii) 
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estimation of erosional and depositional volume via the estimation elevation difference 
within erosional and depositional zones (Figure 2.4). We then compare AIMM with the 
methodologies and results of (Tomer and Van Horn, 2018) to estimate the relative agreement 
between it and the methods currently used at the regional scale. 
Methods 
Study Area 
The South Fork Iowa River (SFIR) is a fourth order river in north-central Iowa, which 
contains the tributaries Tipton Creek and Beaver Creek (Figure 2.5), and has a total 
watershed area of 798 km2 (Tomer et al., 2008b, 2008a). This watershed lies on the eastern 
boundary of the Des Moines Lobe, which is an area of recent (approximately 12,000 years 
bp) Wisconsinan-age Glaciation (Griffith et al., 1994). The watershed’s uplands are 
composed of gently rolling glacial plains with poorly drained soils that have not been well 
dissected by streams. Near its confluence with the Iowa River however, the SFIR cuts 
through the terminal moraine of the Des Moines Lobe. Glacial meltwaters carved out the 
valleys of the lower SFIR and its tributaries, which were then partially refilled with outwash 
gravels (Yan et al., 2010). The channel banks of the SFIR watershed are composed of the 
DeForest Formation, which is primarily Holocene alluvium composed of three main 
members: the Camp Creek, Roberts Creek, and Gunder Members (Baker et al., 1996). The 
Gunder Member is composed of oxidized silty and loamy material that is relatively cohesive, 
and often represents the channel bottom. The Roberts Creek and Camp Creek members are 
both silty and loamy alluvium that are highly erodible. 
Imagery 
Our analysis was completed using color infrared imagery of the SFIR watershed from 
the years 2002 and 2009 (Iowa Department of Natural Resources, 2009). The state of Iowa 
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has collected aerial imagery for many recent years, but these images were selected in order to 
conform with the methodology used in (Tomer and Van Horn, 2018) . The measured 
positional horizontal accuracy of these images is 3 m at a 95% confidence interval. The 2002 
imagery was collected by the USDA between March 16th and May 21st with a RC-30 camera 
that had a 6 inch focal length lens and forward motion compensation 6100 m agl. The 
original color-infrared negative film was digitally scanned and geo-rectified in order to 
produce the images used in this analysis.  The measured positional horizontal accuracy of 
these images is 3 m at a 95% confidence interval. The 2009 imagery was collected by the 
Iowa DNR on April 9 and May 6, with Lecia ADS80-SH82 and ADS40-SH51 digital 
cameras at a flight height of 6100 m agl. Images in GeoTIFF format were georectified, cut 
into a tiled grid, and then converted to county mosaics in MrSid format with 0.61 m (2 ft) 
spatial resolution. 
Delineation 
Duplicating the study extent used in Yan and others (2010) and Tomer and Horn 
(2018), the SFIR, Tipton Creek, and Beaver Creek were delineated by three separate 
researchers (Figure 2.5). Multiple delineations were performed for each waterway in order to 
assess inter-operator reliability between combinations of delineations and AIMM. To ensure 
maximum comparability between this analysis and the analysis conducted in (Tomer and Van 
Horn, 2018), delineation was performed using the same aerial images, and at the same scale 
(1:2000). To facilitate the comparison between delineations and AIMM, channel polygons 
were converted into binary rasters with cell sizes equal to the maximum cell size of the aerial 
images (1 m). These rasters were then combined to create a four-integer raster, whose values 
corresponded to areas where the channel was present in neither year (stable land), both years 
(stable channel), only in 2002 (deposition), and only in 2009 (erosion) (Figure 2.1). In cases 
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where channel migration was greater than channel width, there were zones misclassified as 
stable land between zones of erosion and deposition. These zones were identified and 
reclassified to erosion using a custom algorithm. Finally, in order to conform with the 
methods in Tomer and Horn (2018) all rasters were reconverted to polygons, polygons less 
than 4 m wide were removed, and erosional/depositionional volumes were calculated for 
each remaining polygon in accordance with their methodology. 
AIMM 
The NDWI classification approach for detecting lateral bank migration that AIMM 
utilizes was modified from previous studies that used NDWI indices to detect waterbodies 
and monitor changes in time (Figure 2.2) (Du et al., 2016; McFeeters, 1996; Monegaglia et 
al., 2018; Rowland et al., 2016; Sarp and Ozcelik, 2017; Yang et al., 2018). Unlike these 
studies which that use satellite imagery, AIMM utilizes aerial imagery. This allowed us to 
gain spatial resolution at the expense of temporal and spectral resolution. Normalized 
difference water index (NDWI) rasters were calculated from the four-band 2002 and 2009 
images according to the formula: 
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 − 𝑁𝑁𝑁𝑁𝑁𝑁
𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺 + 𝑁𝑁𝑁𝑁𝑁𝑁
 
This index was chosen because it has been shown to highlight areas with high water content 
(Yang et al., 2018). The output NDWI rasters contain floating-point values between -1 and 1, 
with higher values representing cells with higher water content, but were converted to integer 
values between 0 and 254 in order to reduce the file size of the resulting images. 
These NDWI rasters were then classified into binary images representing land and 
water classes using Li’s global minimum entropy technique (Li and Lee, 1993). Li’s 
technique was chosen since it has generally been found to be an effective thresholding 
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technique, is unsupervised, does not assume a bimodal distribution, and is effective when 
class sizes are uneven, (Sezgin, 2004). The training data used to determine thresholds for 
each year was selected by randomly sampling five million points within a one-channel-width 
buffer of the stream centerlines within Hardin County. Stream widths were estimated by 
stream order for order three through five by measuring widths at randomly selected reaches 
within each order (n = 54). Training data was selected in this manner to conform to the most 
effective method found for obtain training data when watersheds are greater than 10000 km2 
in size. Using these methods, the thresholds 140, and 144 were chosen for the 2002 and 2009 
NDWI images respectively (Figure 2.6). Similar to Monegaglia and others (2018), binary 
noise was then removed from these rasters using a set of morphological opening and closings 
followed by the removal of all water regions less than 5 pixels in size. The resulting rasters 
were then overlaid, resulting in two-bit rasters with the same four categories outlined in the 
previous section. Due to a mismatch in raster cell sizes, the 2009 binary raster was 
aggregated to a cell size of 1 m to match the cell size of the 2002 raster. The resulting image 
was further processed in order to improve its accuracy. As discussed in the previous section, 
in cases where channel migration exceeded channel width, an erroneous zone of stable land 
that were bordered only by zones of erosion and deposition were reclassified to zones of 
erosion. Second, all erosional, depositional, and stable channel zones that neighbored each 
other were grouped into a single zone, and zones that did not intersect the channel mask were 
removed 
Finally, volume was calculated for each zone of erosion and deposition using an 
adaptation of Tomer and Van Horn’s method (2018) (Figure 2.4). For each zone, a local 
height difference was calculated, which was then multiplied by the zone’s area to estimate 
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volume. Erosional local height difference was calculated by taking the difference between 
the median elevation values of stable land and stable water cells within a 3 m buffer of the 
erosional region. Depositional volume was calculated by finding the minimum elevation 
value within the zone, then taking the median of the relative difference between this 
minimum elevation and all other elevation values within the zone. Both the delineation and 
AIMM volume calculations were done using the same 2 m digital elevation model (DEM) 
provided by Iowa State University (ISU, 2009). 
Method Comparison 
The Upper SFIR and Beaver Creek, and Tipton Creek were used to evaluate the 
extent to which AIMM results agreed with the hand delineations. For all analysis reaches, the 
resulting rasters from each digitization were overlaid with every other digitization (including 
the model), creating six categorical rasters with sixteen zones representing each possible 
category within a 4-by-4 confusion matrix. The total cell count for each of these categories 
was extracted for each waterway, converted into a confusion matrix, and presented along 
with percent agreement and Cohen’s Kappa. Although there are some issues with Cohen’s 
Kappa (Cicchetti and Feinstien, 1990; Feinstein and Cicchetti, 1990) it was reported in this 
study due to its prevalence in inter-operator reliability studies. Additionally, total areas and 
volumes of erosion and deposition were compared between the delineations, AIMM, and 
Tomer and Van Horn’s (2018) tabulated results. 
Results 
The inter-operator reliability for each unique combination of delineated bank lines 
and AIMM are reported in Table 2.1. Overall, the average percent agreement between AIMM 
and the delineations was 79% and the average kappa score was 0.55. Similarly, the average 
percent agreement between digitizers was 88%, and the average kappa score was 0.79. There 
13 
is some disagreement surrounding the interpretation of Cohen’s kappa, but values above 0.5 
are generally considered to represent good agreement (Cicchetti and Feinstien, 1990; 
Feinstein and Cicchetti, 1990). AIMM showed the highest amount of agreement within the 
SFIR, followed by Beaver Creek, and then by Tipton Creek. This is likely due to the increase 
in average width as progresses from Tipton Creek to SFIR, which limits the ability of 
overhanging tree cover to block a significant portion of the channel from view (Table 2.2). 
Variations in the total proportion of each category are presented in Figure 2.7. Overall, 
AIMM’s raster output predicted more erosion and less deposition than the delineations. Once 
again, agreement between AIMM and the delineations was highest in the SFIR, likely due to 
the variability of stream widths within these reaches. 
Since Tomer and Van Horn (2018) did not report percentages of stable land and 
water, their results cannot be compared in this way and are instead be reported in terms of 
volumes of erosion and deposition. The delineations, including Tomer and Van Horn’s work, 
on average identified 134,941 m3 of erosion, 53,065 m3 of deposition for a total net volume 
loss of 80,907 m3 with a standard deviation of 22,068 m3 (Figure 2.8). Meanwhile AIMM 
identified 100,732 m3 of erosion, 7,385 m3 of deposition for a total net volume loss of 93,347 
m3. It is interesting to note that while AIMM identified more erosional and fewer 
depositional pixels, AIMM’s identified volume loss is within one standard deviation of the 
delineations and was bounded by their estimates. 
Discussion 
Overall, we found that classifications sourced from channel delineation agreed with 
each other 88% of the time, while our model agreed with the delineations 79% of the time. 
The average Cohen’s Kappa score between AIMM and the delineations (0.55) also indicates 
that there is a high level of agreement between the delineations and AIMM, even when the 
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increase in accuracy associated with random accuracy is taken into account. We believe these 
results show that AIMM is an effective tool that has an accuracy similar to channel 
delineation methods while also being faster, more consistent, and reproducible. 
It is important to make the distinction however, that inter-operator agreement is not 
necessarily correlated with accuracy. Delineations are dependent upon the expert knowledge 
of the delineator, and areas with high tree cover, exposed point bars, and tall banks can be 
challenging to interpret consistently and correctly. AIMM on the other hand has its own 
sources of error, such as the random noise found within the NDWI images, off-channel wet 
areas that can be erroneously classified as part of the channel and masking of the channel by 
canopy cover. 
 Thus, while there is a degree of error associated with each approach, we believe that 
a larger portion of the error associated with AIMM is random rather than systematic. This is 
important because the negative and positive errors are likely to balance out as we increase the 
size of our analysis area. We see this effect in our volume analysis, where we found that our 
overall error decreased when all three streams are considered at once instead of individually. 
Moreover, while this study’s results show that there is only an 88% agreement rate between 
delineations; successive runs of AIMM are guaranteed to have 100% agreement between 
iterations, if the same imagery and thresholds for the land and water classification are used. 
In addition, a key reason that AIMM performed better when volume is considered is that 
zones of erosion that are erroneously identified in the floodplain tend to have very low values 
of relative elevation difference. Thus, zones of true erosion are amplified, and zones of false 
erosion are dampened in the volume calculation. The same is true for depositional zones. 
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It should also be noted however that there are circumstances that limit AIMM’s 
effectiveness. First, the covering of the channel by a vegetation canopy limits AIMM’s 
ability to identify the channel. The severity of this issue decreases as channel widths increase. 
Also, as discussed in (Rowland et al., 2016) migration models that rely on identifying areas 
of water to define the channel are subject to systematic errors when water levels are 
inconsistent between the two sets of imagery. Although several studies have attempted to 
overcome this issue by also including bare mineral material as part of the channel (Rowland 
et al., 2016), methods such as this will need to be balanced with computation time if they are 
to be used with high resolution aerial imagery. Finally, AIMM’s functionality is limited to 
the detection of erosion and deposition, and in its current form does not calculate other 
geomorphological planform metrics. The output of AIMM however could be decomposed 
into binary channel masks that could then be used as inputs for other models, such as PyRIS 
and SCREAM in order to calculate these metrics for specific areas of interest. 
Conclusions 
Increased sediment inputs to rivers and streams is a serious environmental issue that 
has a multitude of impacts on aquatic life and human infrastructure. Currently, many 
researchers believe that excess bank erosion is an important component of this issue, but the 
of role bank erosion within river sediment budgets is still poorly understood. Several 
methods have been developed to estimate sediment flux associated with bank erosion, but the 
majority of them are either only feasible within watersheds less than 100 km2, or use remote 
sensing data that does not have the resolution needed to detect channel migration within 
channels less than 30 m wide. 
In this study we describe AIMM, a channel migration model that is designed to make 
full use of the high-resolution data found within aerial imagery, and compared its results with 
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the results of one of the most prevalent techniques in the field, hand delineation. For the three 
stream reaches included in (Tomer and Van Horn, 2018) we found that when compared to 
delineation results, AIMM had inter-operator agreement scores that were, on average, 7% 
less than inter-operator agreement scores found between delineations. Additionally, in terms 
of area, we found that AIMM overestimated erosion when computed in terms of area and 
performed well when predicting the net volume loss due to bank erosion.  
Overall, we believe that AIMM is an effective model for determining volumes and 
areas of erosion and deposition from high-resolution aerial imagery. As the resolution of 
aerial imagery increases, models that combine accuracy with computational efficiency, such 
as AIMM, will need to be used if the full extent and detail of the data within these images are 
to be utilized. Although random error is present in AIMM, increasing the area of analysis 
should allow positive and negative biases to balance. We believe that AIMM can be 
effectively implemented to derive bank erosion and deposition estimates of relatively small 
waterways on a statewide scale. 
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Figure 2.1 Hand delineation workflow. Hand delineated bank lines were converted into a 
raster representation in order to facilitate comparison with the AIMM output. Delineation can 
be effective but the differing ways in which aerial images can be interpreted often leads to 
reproducibility issues. 
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Figure 2.2 AIMM flowchart. AIMM requires four inputs (two aerial images, a DEM, and a 
centerline file) and produces a raster and polygonal output. AIMM can be broken down into 
three primary steps: i) thresholding of an NDWI image ii) overlaying the two binary images 
to measure migration iii) measuring local height difference around each erosional and 
depositional polygon. 
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Figure 2.3 Example of AIMM’s classification results. As can be seen in the upper right 
image, open water is well highlighted by the NDWI index. 
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Figure 2.4 Relative height calculation. Methodology for relative height calculation was taken 
from Tomer and Van Horn (2018). 
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Figure 2.5 Watershed map. The South Fork Iowa River watershed is located in North Central 
Iowa and is on the border of the Des Moines Lobe. The majority of this watershed has been 
converted to row crop agriculture. 
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Figure 2.6 Threshold selection. Li’s entropy thresholding, represented by the dashed lines, 
was used to partition the NDWI images into land and water classifications. The distributions 
of the training data were roughly bimodal, and hand a much stronger peak within the land 
classification. 
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Figure 2.7 Classification by method. Grouped bar graphs displaying the number of pixels 
classified into each category by AIMM and the three delineations. 
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Figure 2.8 Volume estimation. Net volume estimation of each method within each stream 
and in total. 
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Tables 
Table 2.1 Agreement and Cohen's k. Agreement results for the change detection 
classification by percent agreement and Cohen’s kappa. 
% Agreement Cohen's k User 1 User 2 User 3 AIMM 
User 1   89% 88% 80% 
User 2 0.79   88% 79% 
User 3 0.78 0.79   77% 
AIMM 0.57 0.55 0.53   
            
Average % Agreement Users 88% Model 79% 
Average Cohen's k Users 0.79 Model 0.55 
Table 2.2 Agreement by Reach. Both percent agreement and Cohen’s kappa increase as 
stream width increases.  
    Accuracy   Cohen's kappa 
Reach Width (m) Delineated AIMM   Delineated AIMM 
SFIR 17.9 90% 83%   0.81 0.65 
TC 12.4 87% 78%   0.77 0.56 
BC 11.5 88% 75%   0.79 0.44 
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CHAPTER 3.    ESTIMATION OF SEDIMENT AND PHOSPHORUS 
CONTRIBUTION FROM ERODING BANKS WITHIN THE NISHNABOTNA 
WATERSHED 
Abstract 
Excess sediment and phosphorus (P) contributions from eroding banks are a 
significant impairment to aquatic systems that lead to loss of habitat, sedimentation of 
reservoirs, and eutrophic waters. Many studies have focused on constraining these fluxes 
within small watersheds, and estimating these fluxes within larger watersheds has remained 
difficult due to the inability to scale previous methods and the heterogeneous nature of bank 
erosion. Recent advances in remote sensing and GIS technology, as well as the development 
of the Aerial Image Migration Model (AIMM) provide us with an effective method for 
estimating bank erosion on large scales. In this study, the AIMM model was used in 
conjunction with 18 alluvial sediment cores to estimate the contribution of channel migration 
to the sediment and P budget of the Nishnabotna River in SW Iowa. On average, we found 
that between the years of 2009 and 2018 there was a net input of 8.7x108 kg of sediment and 
4.1x105 kg of P sourced from channel migration per year within the Nishnabotna watershed. 
This equates to 380 kg of sediment and 0.18 kg of total P per meter of channel length 
analyzed. Our volume results also indicate that the proportional contribution to net volume 
loss by stream order increases sharply from third to sixth order, even though total channel 
length within the watershed displays the opposite trend. These results suggest that within the 
stream orders studied, large orders contribute more sediment and P than lower order reaches. 
This result suggests that future conservation and research that attempts to decrease riparian 
contributions to sediment and P budgets should focus on larger reaches than are currently 
considered. 
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Introduction 
Excess sediment in rivers and streams is a major biological impairment that also 
decreases water clarity and increases the cost of water treatment (Bosch et al., 2008; Fox et 
al., 2016b; Purvis and Fox, 2016; Simon and Klimetz, 2008). Additionally, excess 
sedimentation can lead to embedding of coarse substrate, the consequent loss of habitat for 
riverine invertebrates, and accelerated filling of reservoirs (Gray et al., 2014; Quist and 
Schultz, 2014). Sediment also carries adsorbed pollutants, such as Phosphorus (P), which is a 
limiting nutrient within freshwater systems for the cyanobacteria that contribute to harmful 
algal blooms and the creation of coastal hypoxic zones (Conley et al., 2009; Correll, 1998; 
Dodds and Smith, 2016). 
These issues are particularly critical within the Midwestern region of the continental 
United States, where patterns of land use change related to production agriculture have led to 
increases in sediment and P flux to receiving waters (Schottler et al., 2014; Simon and 
Rinaldi, 2006). It has been shown that the Midwestern states are a major contributor to the 
hypoxic zone within the Gulf of Mexico (Carpenter et al., 1998). In order to address these 
issues, many states have adopted nutrient reduction strategies that seek to reduce Nitrogen 
(N), sediment and P loading from their watersheds. In order accomplish this goal however; it 
is important to fully understand the sources of sediment and P within watersheds. 
An ever-expanding body of research suggests that bank erosion represents a 
significant source of sediment and P. Within the Midwestern United States, several studies 
have documented eroding bank contributions to annual sediment loads of 25–60%, and up to 
80–96% (Beck et al., 2018b; Belmont et al., 2011; Bosch et al., 2008; J. M. Hamlett et al., 
2013; Mukundan et al., 1999; Odgaard, 1987; Thoma et al., 2005; Wilkin and Hebel, 1982).  
These studies indicate that sediment and P fluxes from eroding banks are an important aspect 
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of the riparian sediment budgets, and will need to be considered when seeking to reduce 
sediment and P loading rates. One major hurdle in quantifying these fluxes however is the 
large area over which bank erosion occurs. In the Nishnabotna watershed of southwest Iowa 
for example, there are over 2317 km of channel length contained within streams and rivers of 
Strahler order three and above. Unfortunately, the most common methods used to study bank 
erosion (pinning, ground-based LiDAR, and channel delineation using aerial photography) 
are prohibitively time-consuming when scaled to large watersheds with more than 1000 km 
of channel length. In a review by Fox et al. (2016a), only one study was reported that 
analyzed a watershed with more than 1000 km of channel length (Boynton et al., 1995). 
Also, due to heterogeneity in soil types, erodibility, hydrologic conditions, and land 
management, it is often inappropriate to extrapolate erosion estimates to reaches not found 
within the study area (Purvis and Fox, 2016). Consequently, a method for estimating bank 
erosion that can incorporate watershed heterogeneity and analyze large extents quickly would 
allow for a better estimation of eroding bank contributions to sediment and P budgets. 
To accomplish this, we have developed the aerial imagery migration model (AIMM) 
(Chapter 2) (Figure 3.1). AIMM makes use of techniques found within previous channel 
migration models (Monegaglia et al., 2018; Rowland et al., 2016), while also optimizing 
these technique for use with higher resolution aerial imagery. AIMM also combines an 
estimation of eroded area with a DEM analysis to calculate volumes of erosion. Specifically, 
the model uses Normalized Difference Water Index (NDWI) images derived from aerial 
photography to classify landscapes into zones of land and water. Water zones representing 
river and stream channels are then compared between two years to identify areas of erosion 
and deposition. Finally, AIMM utilizes a LiDAR-derived DEM to estimate the height of 
29 
erosional and depositional zones in order to calculate the net change in channel volume. We 
have found this model’s results to be comparable to a change detection analysis based upon 
hand-delineation of channels, while also being more reproducible and efficient (Chapter 2). 
The goal of this study is to quantify sediment and P loading rates within a large 
watershed using AIMM. Specifically, our study takes place within the Nishnabotna 
watershed, located in SW Iowa (Figure 3.2), which has a total watershed area of 7253 km2 
and 2317 km of total channel length. The use of AIMM in conjunction with stratified 
randomized soil sampling provides an effective framework for estimating eroding bank 
sediment and P fluxes on large scales. Additionally, AIMM’s low computational 
requirements in comparison to other channel migration models, use of publicly available 
data, and reproducibility make it one of the most effective methods for analyzing bank 
erosion on large temporal and spatial scales. 
Methods 
Study Area 
The Nishnabotna watershed is composed of the East and West Nishnabotna 
Watersheds, HUC 8 watersheds located in southwestern Iowa that have watershed areas of 
2,975 km2 and 4,277 km2 respectively (Figure 3.2). These watersheds are composed of Pre-
Illinoian Till overlain by loess that was blown east from the Missouri River floodplain during 
the retreat of Wisconsinan ice sheets (Prior, 1991). This loess ranges in thickness from 47 m 
to 62 m and decreases in thickness as you move east (Bettis III, 1990). The channel banks of 
the Nishnabotna watershed are composed of the DeForest Formation, which itself is 
composed of three main members: the Camp Creek, Roberts Creek, and Gunder Member 
(Bettis, 1990). The Gunder Member is composed of oxidized silty and loamy material that is 
relatively cohesive, and often represents the modern channel bottom. The Roberts and Camp 
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Creek members are both silty and loamy alluvium that are highly erodible. Channel networks 
are young, and both bank and gully erosion are major conservation issues within the 
watershed (Thomas et al., 2004; Tomer and James, 2004). 
Field and Laboratory Methods 
In order to estimate the sediment and P inputs associated with eroding banks, it was 
necessary to obtain a representative sample of bank material so that soil bulk density and P 
concentration could be constrained. To ensure a well-distributed sample population, three 
coring sites were randomly selected within each stream order present in the watershed (1st 
order-6th order), for a total of 18 cores (Figure 3.3). Cores were collected on November 6th-
9th, and December 8th, of 2017 using a truck-mounted Giddings Probe at sites no more than 5 
m from actively eroding banks. Sample stratification by order was included in order to serve 
as proxy for variations in stream power and channel geometry, both of which have large 
influences on the channel migration regime within a watershed. Core lengths ranged from 3-5 
m and corresponded to the height of the eroding bank from which they were taken. All cores 
were transported to a lab setting where they were described, classified into the three members 
of the DeForest Formation, and subsampled at the top, base and at every 0.5 m interval 
within each member. These samples were then analyzed to identify their bulk density, Total 
Phosphorus (TP) content, and particle size distribution. In addition to these samples, nine 
exploratory samples were collected outside of Oakland, IA no more than 20 cm below 
ground level in order to provide a preliminary estimate of soil TP concentrations.   
Bulk density was measured by extracting duplicate 2 cm cylinders at each sample 
depth, oven drying these samples at 105º C for a minimum of 24 hours, and until their weight 
had stabilized to determine dry weight. Dry weight of samples was then divided by core 
volume to calculate bulk density. Total Phosphorus samples were analyzed using the aqua 
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regia method (McGrath and Cunliffe, 1985), and particle size analysis was performed using 
laser diffractometry (Miller and Schaetzl, 2011). 
Imagery 
Our analysis was conducted using color infrared photographic imagery of western 
Iowa from 2009 and 2018 (Iowa DNR, 2009 and 2018). The state of Iowa has conducted 
aerial photographic surveys for many recent years but has varied the season in which these 
surveys were conducted. The 2009 and 2018 imagery were selected because they are the two 
most recent surveys that were conducted during leaf-off conditions. Leaf-off conditions were 
desired because riparian tree cover limits the accuracy of both hand-delineation and AIMM 
methods. The 2009 survey was conducted by the Iowa DNR during the spring of 2009, with a 
Lecia ADS80-SH82 and ADS40-SH51 digital cameras at a flight height of 6100 m agl. 
Images in GeoTIFF format were georectified, cut into a tiled grid, and then converted to 
county mosaics in MrSid format with 0.61 m (2 ft) spatial resolution. The measured 
positional horizontal accuracy of these images is 3 m at a 95% confidence interval. The 2018 
survey was conducted by Surdex on the behalf of the Iowa Department of Administrative 
Services between April 19th and May 5th with a Leica ADS100 Airborne Digital Sensor at a 
flight altitude of 3750 m agl. The imagery was mosaiced from ADS100 imagery strips, 
corrected and orthorectified using Surdex’s proprietary “Grouping Tool”, and split into 1524 
m by 1524 m GeoTIFF tiles with 0.30 m (1 ft) spatial resolution. The measured positional 
horizontal accuracy of these images is 0.61 m at a 95% confidence interval. 
AIMM 
The AIMM model described in Chapter 2 was used to estimate the volume of 
sediment loss associated with the lateral migration of the Nishnabotna River System. When 
AIMM was run for the entire watershed however, it was found that a single NDWI threshold 
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for the entire watershed over-generalized and did not produce reasonable results. To 
overcome this, each county was analyzed separately then combined for the final analysis. 
Training data was collected by obtaining a random selection of NDWI values that fell within 
a training mask of the watershed. This training mask was created by buffering stream 
centerlines, provided by the Iowa DNR, by stream order, with a width equal to the average 
stream width of each order respectively, as measured by our hand delineations. The training 
mask was used to balance the number of water and non-water pixels found within the 
training set. 
 Stream reaches at the eighteen coring sites, along with an additional stratified random 
sample of eighteen reaches were hand-delineated in order to check the consistency of AIMM 
(Figure 3.3). Due to inadequate spatial resolution of the imagery, high proportions of canopy 
cover, and low lateral migration rates, neither AIMM nor hand-delineations could reliably 
detect channel migration in reaches of order two or less. Consequently, these reaches were 
excluded from the analysis, lowering the total number of sample reaches to twenty-four, 
ranging in order from six to three. Hand delineation was conducted at a scale of 1:2000, in 
keeping with the methods of Tomer and Van Horn (2018). The comparison of the hand-
delineation results and AIMM’s results are reported in terms of percent agreement and 
Cohen’s Kappa for each reach, and a global average normalized to each order’s contribution 
to the total watershed erosion are reported. Percent agreement is equal to the percent of cells 
which were classified as the same category (stable land, stable channel, erosion, or 
deposition), and Cohen’s Kappa is a metric that is designed assess the amount of agreement 
between two classifications that are not likely due to chance (Flight and Julious, 2015). Both 
of these statistics were calculated within a two-channel-width buffer surrounding the reach in 
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questions. Net volume loss comparisons are presented in terms of percent deviation from the 
result of the delineation efforts and are grouped in the same manner. 
Results 
Soil bulk density (n = 229) averaged 1.38 g/cm with a standard deviation of ± 0.2 
g/cm (Figure 3.4). Although bulk density varied slightly by stream order (1.30 – 1.46 g/cm), 
there was no consistent pattern in this variation, and all ordered averages fell within one 
standard deviation of each other. Due to this lack of a large variation between stream orders, 
the total average value for bulk density was used in conjunction with our volume analysis to 
estimate net sediment loss from eroding banks. Although the full results from our total P 
analysis are not yet available, results from our preliminary samples (n = 9) had total P 
concentrations of 474 mg/kg with a standard deviation of ± 117 mg/kg and were used for 
estimating P flux.  
 In order to better understand the sources of disagreement between AIMM and hand 
delineation methods, we compared AIMM’s identification of the four change-detection 
categories (stable land, stable channel, erosion, and deposition), as well as its final estimate 
of eroded volume. For this comparison, all sites were grouped by order, normalized so that 
their influence upon the comparison results was proportional to the amount of net erosional 
volume each order contributed to the watershed. This ensured that contribution to our 
comparison statistics was proportional to each order’s influence within the watershed. Within 
a two-channel-width buffer of each delineation reach, AIMM and hand delineation agreed on 
pixel values 85% of the time with an inter-operator Cohen’s K coefficient of 0.71. As 
expected, agreement and K increased with stream order. Agreement for sixth and third order 
reaches were 89% and 78% respectively, while K values were 0.79 and 0.52 respectively. 
Overall, these differences represented a -6%, 134%, -13%, and 7% difference between 
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AIMM and hand delineation for the pixel classes stable land, deposition, erosion, and stable 
channel respectively. A large portion of the difference in the deposition pixel counts can 
however be attributed to erroneous off-channel zones of deposition that were removed when 
all zones that did not intersect a channel width buffer of our stream layer were eliminated as 
part of our volume analysis. 
 When combined and normalized, AIMM predicted 7% less net volume loss than 
hand-delineation methods within our 24 test reaches (Table 3.1). Most of this disagreement 
was within third order reaches, where AIMM predicted 99% less volume loss than was 
predicted by hand delineation (Figure 3.5), (Figure 3.6). Since both methods are prone to 
higher error as channel sizes decrease, and our 24 sample sites represent a smaller proportion 
of total third-order channel length however, it is unsurprising that the methods began to 
diverge when third-order streams were considered. When only orders six through four are 
consider, there is only a 1% difference in net volume estimates, but we have decided to keep 
third-order results in our analysis since we believe that a 7% difference in net eroded volume 
is still a reasonable amount of disagreement. 
 Overall, AIMM predicted 5.7x106 m3 of net volume loss between 2009 and 2018 
within the Nishnabotna watershed (Table 3.2). This represents 0.27 m3 yr-1 of volume loss 
per meter of channel length. Interestingly, although the third, fourth, and fifth order channels 
made up 89% of the total channel length analyzed, only 37% of the net volume loss was 
found within these orders. In contrast, the sixth order reach contained only 11% of the total 
length, but 63% of the volume loss (Figure 3.7). This is likely due to the large increase in 
stream power and bank height that is associated with increases in order. Although it was 
expected that higher orders would have a greater volume of erosion per unit length, the fact 
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that this relationship is still robust when the total length of each order is considered is 
surprising. This inverse relationship between total channel length and volumetric 
contribution amongst orders is a key finding of this study that could have important 
management implications. 
 Since there were no identified variations in bulk density or TP concentration 
associated with stream order, global averages were used to calculate sediment and TP 
contributions per unit length. This study found that 0.38 tons of sediment m-1yr-1 and 0.18 kg 
of P m-1yr-1 were contributed to the Nishnabotna watershed due to the net loss of floodplain 
volume associated with channel migration within channels of order three and above. 
Discussion 
We found that within the Nishnabotna watershed, sediment and TP loading rates 
associated with net bank erosion (volume of bank erosion less the volume of deposition) 
were equal to 0.38 tons of sediment m-1yr-1 and 0.18 kg of P m-1yr-1 between the years of 
2009 and 2018. We found that our average bulk density values conformed well with recent 
studies involving these members, but we did find less variation between the individual 
members than has been found in previous studies (Beck et al., 2018b). This however could be 
attributed to both differing methodologies, and spatial variations. Also, although our TP 
results are only preliminary it is interesting to note that TP concentrations were found to be 
double the average value found by (Fox et al., 2016b), or by (Beck et al., 2018b) for 
streambank material. Especially since our preliminary samples were taken from the Robert’s 
and Camp Creek members, which were found to have the lower TP values of the three 
primary members by (Beck et al., 2018b). 
 Also, since previous studies which do not often account for channel accretion when 
calculating input from eroding banks, we would also to like to highlight the contribution of 
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eroding banks when accretion is not considered. When only erosive input is considered, our 
approach estimates total P inputs to be 0.27 kg P m-1yr-1. This result is comparable, albeit 
higher than the values reported in previous studies (Kronvang et al., 2012; Miller et al., 2014; 
Purvis and Fox, 2016; Sekely et al., 2002; Zaimes et al., 2008), with the exception of Miller 
et al (2014), which reported a total P contribution of 1.6 kg P m-1yr-1 (Table 3.3). This is 
fourteen times greater than average of all other referenced studies (0.12 kg P m-1yr-1). In 
particular, it is encouraging to see that our results conform to previous work; given that the 
Nishnabotna river system has a total channel length two orders of magnitude larger than the 
next largest study cited. 
Finally, an important finding of this study is that the proportional contribution to net 
volume loss by stream order is inversely related to the total channel length of each order 
(Figure 3.7). It is important to note however that this is only known for sediment and TP 
inputs related to channel migration and does not include the effects of other geomorphic 
processes such as down-cutting and gully head migration. Neither AIMM, hand delineation, 
nor pinning methods are well suited to observe these processes but repeat aerial LiDAR 
could offer a way to quantify these aspects of the erosional system. Since most streambank 
erosion studies and bank stabilization projects have been conducted in low order streams 
where issues related to access, mobility and land ownership patterns are easier to overcome 
however, these results represent a timely reminder of the importance of higher order reaches. 
Furthermore, this study indicates, that future work concerning streambank erosion will need 
to consider larger stream orders and watersheds if accurate patterns and magnitudes of 
streambank erosion are to be reported. 
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Conclusion 
In this study, the AIMM model was used in conjunction with a random sample of 18 
sample cores, stratified by stream order, to estimate channel migration’s contribution to the 
sediment and P budget of the Nishnabotna River in SW Iowa. On average, we found that 
0.38 tons of sediment and 0.18 kg of P were added to the Nishnabotna watershed per year per 
meter of channel length between the years of 2009 and 2018. These values fell within the 
range found in previous studies, even though the Nishnabotna watershed is orders of 
magnitude larger than the watersheds considered in previous studies. As this is the first time 
the AIMM model has been used to predict sediment and total P contributions of eroding 
banks within a large watershed, we also suggest that this study represents an efficient method 
for constraining contributions from streambanks to watershed sediment and nutrient budgets. 
Finally, our volume results also indicate that the proportional contribution to net volume loss 
by stream order is inversely related to the total channel length of each order within the 
watershed. These results suggest that future conservation and research that attempts to 
decrease riparian contributions to sediment and P budgets should focus on larger reaches than 
are commonly considered. 
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Figures 
 
Figure 3.1 AIMM flowchart. AIMM requires four inputs (two aerial images, a DEM, and a 
centerline file) and produces a raster and polygonal output. AIMM can be broken down into 
three primary steps: i) thresholding of an NDWI image ii) overlaying the two binary images 
to measure migration iii) measuring local height difference around each erosional and 
depositional polygon. 
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Figure 3.2 Watershed map. The Nishnabotna watershed is composed of the East and West 
Nishnabotna river systems. Its soils are dominated by loess, which was blown east from the 
Missouri river valley. 
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Figure 3.3 Sample sites. Eighteen randomly selected sites (3 x stream orders 1-6) were cored 
and delineated, and an additional twelve sites (3 x stream orders 3-6) were delineated in order 
make a more robust estimation of AIMM’s agreement with hand delineation methods. 
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Figure 3.4 Soil density by stream order. The median value for every order was found to be 
within one standard deviation of every other stream order. Consequently, a global average for 
bulk density was used within our erosion analysis. 
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Figure 3.5 AIMM's effectiveness within high and low orders. AIMM was much more 
effective within higher orders. This is likely because higher order streams are typically wider, 
and are less likely to be obscured by tree cover. 
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Figure 3.6 AIMM and delineation volume results by order. Estimations of erosion were 
consistent between both methods, and AIMM tended to provide a higher estimation of 
deposition, particularly within third order reaches. 
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Figure 3.7 Comparison of watershed length and erosional contribution by order. Although 
smaller orders dominate the watershed in terms of length, the higher orders contribute much 
more erosional volume 
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Tables 
Table 3.1 Estimation of erosional volume disagreement between methods. Overall, AIMM 
estimated there to be 8% less erosional volume than was predicted by hand delineation within 
the twenty-four test reaches. 
  
Net Volume Change 
per Channel Length 
(m3/m) 
      
Order Delineation AIMM % Disagreement Order Weight % Weighted Disagreement 
3 -0.69 0.0045 101% 0.08 8% 
4 -2.3 -3.1 -36% 0.18 -6% 
5 -6.8 -5.4 20% 0.18 4% 
6 -22 -21 3% 0.57 2% 
    Weighted Net Volume Change  Disagreement 7% 
 
Table 3.2 AIMM estimated erosion and deposition by order 
Order Total Length in Watershed (km) Deposition (m
3) Erosion (m3) Net  (m3) 
3 1079 495675 -649368 -153693 
4 738 1100688 -2032272 -931584 
5 252 755171 -1755537 -1000365 
6 248 545607 -4141664 -3596057 
 
Table 3.3 Phosphorus contribution estimates from literature 
Author Channel length (km) P load from banks (kg yr−1) 
P load (kg m-1 yr-
1) 
Boynton et al. (1995) 11000 430000 0.039 
Kronvang et al. 
(1997) Not Provided 100   
Sekely et al. (2002) 170 3000 0.02 
Thoma et al. (2005) 56 200000 0.05 
Zaimes et al 2008a 
Zaimes et al. 2008b Various 20   
Kronvang et al. 
(2012) 60 4600 0.08 
Miller et al. (2014) 56 90000 1.6 
Purvis et al. (2016) 32 10000 0.31 
Ishee et al. (2015) Various 200   
Chapter 3 2317 628827 0.27 
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CHAPTER 4.    CONCLUSION 
Automated measurement of eroding bank volume from high-resolution aerial imagery 
and DEM analysis 
Within Chapter 2, we described AIMM, a channel migration model that is designed to 
make full use of the high-resolution data found within aerial imagery, and compared its 
results with the results of one of the most prevalent techniques in the field, hand delineation. 
For the three stream reaches of the South Fork Iowa River watershed included in (Tomer and 
Van Horn, 2018) we found that AIMM and the hand-delineation results agreed on 81% of all 
pixels classified, while the delineations agreed with each other 88% of the time. We also 
found that average Cohen’s Kappa score the comparison between AIMM and the 
delineations was equal to 0.62, which indicates a high level of agreement, even when the 
random accuracy due to chance is taken into account. Finally, our estimation of net volume 
loss produced using AIMM was only 0.19%, or 323 m3 less than the estimate reported by 
Tomer and Horn (2018). 
While we do believe that comparing AIMM to hand delineations is a satisfactory 
means by which to assess the utility of AIMM, it is important to note that agreement with 
delineations is not the same as accuracy. Both delineations and AIMM are prone to some 
sources of error, and these must be accounted when using either methods. We do believe 
however that the automated nature of AIMM, and the ease with which the AIMM results can 
be reproduced, and higher prevalence of random rather than systematic error make AIMM a 
competitive alternative to hand delineation. 
Overall, we believe that AIMM is an effective model for determining volumes and 
areas of erosion and deposition from high-resolution aerial imagery. As the resolution of 
aerial imagery increases, models that combine accuracy with computational efficiency, such 
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as AIMM, will need to be used if the full extent and detail of the data within these images are 
to be utilized. Although random error is present in AIMM, increasing the area of analysis 
should allow positive and negative biases to balance each other. AIMM is a powerful tool, 
and we believe that it can be effectively implemented to derive bank erosion and deposition 
estimates of relatively small waterways on a statewide scale. 
Estimation of sediment and phosphorus contribution of eroding banks within the 
Nishnabotna watershed 
Within Chapter 3, the AIMM model was used in conjunction with a random sample 
of 18 soil cores, stratified by stream order, to estimate channel migration’s contribution to the 
sediment and P budget of the Nishnabotna River in SW Iowa. We found that between the 
years of 2009 and 2018 there was a net input of 8.7x105 tons of sediment and 4.1x105 kg of 
Phosphorus sourced from channel migration per year within the Nishnabotna watershed. This 
is also equal to 0.38 tons of sediment and 0.18 kg of total phosphorus per meter of channel 
length analyzed. These values fell within the range found in previous studies, even though 
the Nishnabotna watershed is orders of magnitude larger than the watersheds considered in 
previous studies. 
As this is the first time the AIMM model has been used to predict sediment and total P 
contributions of eroding banks within a large watershed, we also suggest that this study 
represents an efficient method for constraining contributions from streambanks to watershed 
sediment and nutrient budgets. Finally, our volume analysis also indicated that the 
proportional contribution to net volume loss by stream order is inversely related to the total 
channel length of each order within the watershed. These results indicate that large order 
reaches are of greater importance than previously thought, and that future conservation and 
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research that attempts to decrease riparian contributions to sediment and P budgets should 
focus on larger downstream reaches than are currently considered. 
Management Implications 
The excess sediment and nutrients flowing into Midwestern watersheds is a major 
issue that is damaging to the ecological health of our rivers, and to the essential infrastructure 
that we have placed within our floodplains. We are beginning to understand the role that 
stream and riverbank erosion play within the sediment and nutrient budgets of our 
watersheds, but the lack of consistent and extensive bank erosion data has severely hindered 
our ability to account for streambank erosion within the Iowa nutrient reduction strategy. 
With the creation of the AIMM model however, we believe that we have a consistent and 
objective methodology for quantifying these fluxes across the entire state. Within Chapter 2 
we showed that AIMM has results comparable to the those of hand-delineation techniques, 
and in Chapter 3 we showed how it can be used to estimate the contributions of eroding 
banks to the sediment and P budgets of watersheds greater than 10000 km2 in area. Chapter 
3’s results also indicate that large river channels are the main source of bank erosion within 
the Nishnabotna watershed. If this is also found to be true within the other major watersheds 
of Iowa, this would suggest that conservation efforts aimed at reducing bank erosion should 
focus on reducing bank erosion within larger channels. Caution should however be taken 
when equating the stabilization of banks and channels with a reduction of erosion since the 
effect that the stabilization of a reach has on its neighboring reaches is still poorly 
understood. More research will need to be done in order to assess the effect of stabilization 
and other erosion reduction practices have on overall sediment budgets, but models such as 
AIMM may also provide an objective and efficient method for discerning the role that these 
practices play in reducing bank erosion. 
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APPENDIX CONFUSION MATRICES 
Table A.1 Confusion Matrices and agreement statistics for Beaver Creek 
Beaver Creek 
    AIMM       User 2 
    0 1 2 3       0 1 2 3 
U
se
r 1
 0 726925 439 3747 547   
U
se
r 1
 0 690740 16345 20339 3812 
1 52662 14557 3786 3735   1 10481 42894 4763 16602 
2 56783 280 53102 5112   2 9995 3098 82966 19159 
3 34483 10635 58437 59514   3 1081 4347 12064 145546 
    accuracy 79% kappa 0.52       accuracy 89% kappa 0.79 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 2
 0 709260 188 2698 400   
U
se
r 1
 0 676746 19301 27557 7956 
1 49238 12365 2596 2613   1 7548 45700 2863 18629 
2 66532 305 49353 3990   2 6974 2851 81240 24199 
3 45675 13289 64142 62015   3 785 4373 8697 149207 
    accuracy 77% kappa 0.49       accuracy 88% kappa 0.78 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 3
 0 691049 168 1362 170   
U
se
r 2
 0 668647 15647 23687 4565 
1 55232 12799 2021 2320   1 9195 43021 2790 11806 
2 70550 141 46079 3587   2 12746 4602 83026 19806 
3 54549 13125 69424 62900   3 1457 9050 10833 163781 
    accuracy 75% kappa 0.47       accuracy 88% kappa 0.79 
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Table A.2 Confusion Matrices and agreement statistics for South Fork Iowa River 
South Fork Iowa River 
    AIMM       User 2 
    0 1 2 3       0 1 2 3 
U
se
r 1
 0 2493900 2791 30332 6607   
U
se
r 1
 0 2401010 38974 76591 16887 
1 89951 43038 15426 19363   1 28399 92434 7484 39448 
2 123483 2916 173595 15900   2 19184 6548 181517 108644 
3 83708 34955 171099 402608   3 3459 18397 25892 644619 
    accuracy 84% kappa 0.66       accuracy 89% kappa 0.81 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 2
 0 2427130 2565 16075 6280   
U
se
r 1
 0 2417440 40743 61440 14012 
1 91170 38290 12769 14124   1 25462 92713 8568 41035 
2 154586 1787 130048 5063   2 31121 7837 184979 91957 
3 117910 41070 231572 419046   3 6841 18788 30832 635909 
    accuracy 81% kappa 0.62       accuracy 90% kappa 0.81 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 3
 0 2449220 3010 21868 6760   
U
se
r 2
 0 2375910 34040 34989 7108 
1 94893 38295 13408 13485   1 31555 87142 8376 29280 
2 136043 1878 139997 7901   2 62762 8958 177177 42587 
3 110874 40539 215137 416363   3 10474 29924 65262 703938 
    accuracy 82% kappa 0.63       accuracy 90% kappa 0.82 
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Table A.3 Confusion Matrices and agreement statistics for Tipton Creek 
Tipton Creek 
    AIMM       User 2 
    0 1 2 3       0 1 2 3 
U
se
r 1
 0 847934 873 12962 1007   
U
se
r 1
 0 819958 17205 20575 4638 
1 49034 12389 8165 7862   1 16997 36399 6541 17495 
2 38068 419 51995 3062   2 12818 2145 55902 22595 
3 41035 12659 91245 110420   3 3496 7357 20956 223476 
    accuracy 79% kappa 0.57       accuracy 88% kappa 0.78 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 2
 0 840499 772 10923 1206   
U
se
r 1
 0 789856 33188 28596 11073 
1 43762 9885 4624 4860   1 7980 40717 4118 24635 
2 48384 747 52122 2722   2 9410 4319 45465 34350 
3 43298 14440 96507 113966   3 1466 7752 8353 237786 
    accuracy 79% kappa 0.57       accuracy 86% kappa 0.76 
                          
    AIMM       User 3 
    0 1 2 3       0 1 2 3 
U
se
r 3
 0 799091 383 8550 895   
U
se
r 2
 0 784170 37031 23307 8892 
1 68300 8313 5391 4053   1 5758 33988 3050 20335 
2 46161 297 38539 1538   2 16764 8177 47083 31951 
3 63405 16623 111545 116292   3 1788 6784 13038 246601 
    accuracy 75% kappa 0.51       accuracy 86% kappa 0.76 
 
